In most multi-object tracking algorithms, tuning of model parameters is of critical importance for reliable performance. In particular, we are interested in designing a robust tracking algorithm that is able to handle unknown false measurement rate. The proposed algorithm is based on coupling of two random finite set filters that share tracking parameters. Performance evaluation with visual surveillance and cell microscopy images demonstrates the effectiveness of the tracking algorithm for real-world scenarios.
parameters chosen from training data will be sufficient for the multi-object filter at subsequent frames.
Stochastic multi-object tracking algorithms based on Kalman filtering or Sequential Monte Carlo (SMC) method have been widely used including visual multi-object tracking research [3] , [4] where detection profile and false measurement rate are assumed to be known. On the other hand, deterministic approach such as network flow [5] , continuous energy optimisation [6] , has become a popular method for visual multi-object tracking problem. This approach is known to be free from measurement model parameters, however, it requires other user-specified parameters and is useful only when reliable object detection is available with negligible false measurements.
Unknown observation model parameters (i.e., clutter rate, detection profile) in online multi-object filtering was recently formulated in a joint estimation framework using random finite set (RFS) approach [1] . Recently, Mahler [2] showed that clever use of the CPHD filter can accommodate unknown clutter rate and detection profile. [7] extended it to multi-Bernoulli filter with SMC implementation. While the solution for filtering with unknown clutter rate exists, these filters do not provide tracks that identify different objects. To the best of our knowledge this paper is the first attempt for handling unknown false measurement information in online tracking with trajectories.
The main contribution of this paper is to design a multi-object tracker that produces trajectories of individual objects and estimates unknown clutter rate on the fly.
Problem Formulation
Let X = R nx denote the space of the target kinematic state, and {0, 1} denote the discrete space of labels for clutter model and actual targets. Then, the augmented state space is given byX = X × {0, 1}, where × denotes a Cartesian product. Consequently, the state variable contains the kinematic state, and target/clutter indicator. We follow the convention from [7] that the label u = 0 will be used as a subscript to denote the clutter generators and the label u = 1 for actual targets.
Suppose that there are T k target and clutter object, and we have O k observations (i.e., detections). In the RFS framework, the collections of targets (including clutter objects) and measurements can be described as finite subsets of the state and observation spaces, respectively asX
wherex k,i represent either the kinematic state of actual target or clutter target; z k,j is a measurement, and Z is the space of measurement, respectively.
Considering the dynamic of the state, the RFS model of the multi-target state at time k consists of surviving targets and new targets entering in the scene. This new set is represented as the union
where Γ k is a set of spontaneous birth objects (actual or clutter targets) and S k|k−1 (·)
is the set of survived object states at time k with survival probability p S (x) < 1.
The set of observations given the multi-target state is expressed as
where Z T,0,k and Z T,1,k are, respectively, sets of clutter and target-originated observations with unknown detection probability p D (x) < 1.
With the RFS multi-target dynamic and measurement model, the multi-object filtering problem amounts to propagating multi-target posterior density recursively forward in time via the Bayes recursion. Note that in the classical solution to this filtering problem such as PHD, CPHD [1] , and multi-Bernoulli filters [4] , instead of clutter target measurement set, the Poisson clutter intensity is given and the detection profile p D (x)
is also known a priori [1] .
Multi-object tracker with unknown clutter rate
The aim of this paper is to propose a new online multi-object tracker that is able to accommodate unknown clutter rate. For this purpose, the Robust Multi-Bernoulli (RMB) filter [7] is employed to adapt unknown clutter rate. Then, the RMB filter is coupled with the Generalized Multi-Bernoulli (GLMB) tracker [8] by exchanging parameters to achieve robust performance as will be given in Section 4.
Robust Multi-Bernoulli Filter
The multi-Bernoulli filter parametrizes the multi-object posterior density by using a set of pairs, i.e., Bernoulli parameters,
where r (i) and p (i) represent the existence probability and the density of the state among M Bernoulli components.
The multi-Bernoulli filter recursion for extended state space called RMB filter [7] is summarized to make the paper self-contained.
If the posterior multi-object density of the multi-Bernoulli form at time k − 1 is
. Then, the predicted intensity is approximated by a set of following multi-Bernoulli components {(r
. A set of predicted Bernoulli components is a union of birth components and surviving compo-
, are chosen a priori by considering the entrance region of the visual scene, e.g., image border. The surviving components are calculated by
where p S,u,k is the survival probability to time k and f u,k|k−1 (x|·) is the state transition density specified by either for actual target or for clutters as denoted by u.
If at time k, the predicted multi-target density is multi-Bernoulli form, then the updated multi-Bernoulli density approximation is composed of the legacy components with the subscript L and the measurement updated components with the subscript U as
The legacy and measurements updated components are calculated by a series of equations (4) as follows.
where p D,u,k is the state dependent detection probability, g u,k (z|x) is the measurement likelihood function that will be defined in the following section. Note that the implementation details can be found in [7] .
Generalized labeled Multi-Bernoulli Filter
The generalized labeled multi-Bernoulli (GLMB) filter provides a solution of multiobject Bayes filter with unique labels [8] . In multi-object tracking with labels, formally, the state of an object at time k is defined as
notes the label space for objects at time k (including those born prior to k). Note that L k is given by B k ∪ L k−1 , where B k denotes the label space for objects born at time k (and is disjoint from L k−1 ) and we do not consider clutter targets in designing GLMB, thus, the label u is not introduced.
Suppose that there are N k actual targets at time k, with label x k,1 , ..., x k,N k , in the context of multi-object tracking,
We denote cardinality (number of elements) of X by |X| and the set of labels of X, { : (x, ) ∈ X}, by L X . Note that since the label is unique, no two objects have the same label, i.e. δ |X| (|L X |) = 1.
Hence ∆(X) δ |X| (|L X | is called the distinct label indicator.
In the GLMB the posterior density takes the form of a generalized labeled multi-
Given the posterior multi-object density of the form (5), the predicted multi-object density to time k is given by
where
where c is the index for track hypothesis, L is an instance of label set, I is track labels from previous time step.
Moreover, the updated multi-object density is given by
where Θ k is the space of mappings θ :
where κ k ∼ λ c U(Z) denotes the clutter density. λ c is the clutter rate which is assumed to known as a prior.
Boosted Generalized labeled Multi-Bernoulli Filter
In this paper, we propose a new RFS filter called Boosted GLMB filter that is a principled combination of RMB filter [7] and GLMB filter [8] . The GLMB filter is used as a main tracker that produces track parameters. The one-step RMB filter is employed to adapt unknown clutter rate based on provided track parameters (position mean and covariance) and track existence probability of the GLMB filter from the previous time step. Then, the estimated clutter rate from the one-step RMB filter is fed into the GLMB filter for clutter model to boost accurate tracking results. Figure 1 represents the relation between the GLMB filter and one-step RMB filter.
As will be specified in the following section, we consider a linear Gaussian model, thus, the Boosted GLMB filter is implemented by using Kalman filters. Track parameters in this implementation is a set of Gaussian parameters, i.e., mean and covariance matrix that represent kinematic states of the object.
Once the tracker is initialized, state mean, covariance matrix and track existence probability are produced by the GLMB filter. In addition, the track existence probabil- Then, the clutter rate is simply obtained by the EAP estimate of clutter target number asλ
where r (i) 0,k is the existence probability of clutter target introduced in the previous section, p D,0,k is the probability of detection for clutter targets.
Experimental results
In this section, two kinds of real-world experimental results are given. First, the proposed tracker is evaluated for visual multi-object tracking datasets [9] , [10] , [11] with unknown false measurement rate. Second, cell tracking in microscopy image data is illustrated. Tracking performance is enumerated with respect to the well-known performance metrics, in [5] , [12] .
Object motion and measurement models and basic parameters
The target dynamic is described by the transition density f 1,k|k−1 (x k |x k−1 ) = N (x k ; F x k−1 , Q), where F = I 2 ⊗ 1 T s ; 0 1 , where where N (z; m, P ) denotes a normal distribution with mean m and covariance P , T s = 1 is the sampling time, Q is the covariance matrix of the process noise. These values are determined by the maximum allowable object motion with respect to the image frame rate. For clutter targets, the transition density f 0,k|k−1 , is given as a random walk model to describe arbitrary motion [7] . Assuming that the object state x k = [p x,kṗx,k , p y,kṗy,k ] T (x-, y-positions and velocities) is observed with additive Gaussian noise, the measurement likelihood function is given by g k (z k |x k ) = N (z k ; Hx k , Σ), z k is the response from designated detector; H = [1 0 1 0], i,e., x-, y-position is observed by the detector, Σ is the covariance matrix of the observation noise.
People tracking in vision
For the evaluation in real-world data, we are interested in tracking of multiple pedestrians. In this experiment, we apply the ACF detector [13] for well-known datasets in computer vision, i.e., "S2.L1" from PETS'09 dataset [11] , "TUD-Stadtmitte" from TUD dataset [9] , and "Bahnhof" and "Sunnyday" from ETH dataset [10] . The number of targets varies in time due to births and deaths, and the measurement set includes target-originated detections and clutter. In our experiments, we use the low threshold for nonmaximum suppression so as to have less number of miss-detections but increased false alarms with time-varying rate. It is more realistic setting especially in ETH dataset that is recorded with frequent camera view changes. The Boosted GLMB is compared with the original GLMB (with fixed clutter rate) [8] , and state-of-the-art online Bayesian multi-object tracker called RMOT [14] . Quantitative experiment results are summarized in Table 1 using well-known performance indexes given in [5] .
In Table 1 
Cell migration analysis in microscopy image
The proposed algorithm is also tested with live-cell microscopy image data for cell migration analysis. The proposed GLMB tracking method is tested on a real stem cell migration sequence. The image sequence is recorded for 3 days, i.e., 4320 min and each image is taken in every 16 min.
Performance comparison is conducted with the state-of-the-art Multiple Hypothesis Tracker (MHT) [15] . The same motion and measurement models are used as in the first experiments and spot detection in [15] is applied for the fair comparison. As shown in Figure 2 , the proposed GLMB provides reliable tracking results compared to the MHT. The MHT is tuned to obtain the best tracking results. The GLMB tracker produces significantly less false tracks and alleviate fragmented tracks because the tracker efficiently manages time-varying clutter information and keep confident tracks. Quantitatively, as can be seen in Table 2 , time averaged OSPA distances [12] for both trackers verify that the Boosted GLMB shows reliable performance even when the clutter rate is unknown.
Conclusion
In this paper, we propose a new multi-object tracking algorithm for unknown clutter rate based on RFS filters that is free from clutter parameter tuning. The one-step RMB filter for clutter rate estimation and GLMB filters for trajectory estimation are coupled by exchanging parameters for robust online visual multi-object tracking. Experimental results via people and cell tracking datasets with state-of-the-art online trackers illustrate that the proposed multi-object tracker shows reliable performance. Interesting future research direction would be the extension of the tracking algorithm to adaptive survival probability and handling of missed-detections for further improvement. 
